Abstract In this paper we focus on proximity as one of the main determinants of international collaboration in pharmaceutical research. We use various count data specifications of the gravity model to estimate the intensity of collaboration between pairs of countries as explained by the geographical, cognitive, institutional, social, and cultural dimensions of proximity. Our results suggest that geographical distance has a significant negative relation to the collaboration intensity between countries. The amount of previous collaborations, as a proxy for social proximity, is positively related to the number of crosscountry collaborations. We do not find robust significant associations between cognitive proximity or institutional proximity with the intensity of international research collaboration. Our findings for cultural proximity do not allow of unambiguous conclusions concerning their influence on the collaboration intensity between countries.
Introduction
Collaboration has been found to be an increasingly common mode of knowledge creation. Early evidence suggests that there has been a steadily increasing trend towards collaborative research in the field of chemistry for the period from 1910 to 1960 (de Solla Price 1963 . More recently, Adams et al. (2005) showed for a broad set of disciplines that scientific research originating from the 110 top U.S. research universities is increasingly conducted in collaboration. Using an extended dataset of 19.9 million papers and 2.1 million patents, Wuchty et al. (2007) show that the trend towards collaborative knowledge production is particularly prevalent in publication data in such fields as science and engineering, social sciences, as well as in patent data. It is much less evident in arts and humanities. The general trend of increasing collaboration in the production of knowledge is accompanied by growing volume of international research. During the 1980s, the annual growth of the share of international research collaboration was slightly more than five percent, increasing to more than seven percent in the subsequent decade (Adams et al. 2005) . The impact of knowledge produced in international collaboration is particularly pronounced since it is more frequently cited than research produced in different institutions within the same country, as well as in a single institution (Narin et al. 1991) .
The increasing amount and the importance of international collaboration in scientific research motivated us to explore its determinants. Earlier contributions to the subject matter considered a variety of country-level factors, such as cognitive, geopolitical, social, historical, and economic aspects, as potential determinants of international scientific collaboration (Luukkonen et al. 1992) . These factors include the relevant institutional settings such as research funding schemes, research infrastructure as well as the priorities set by scientists and policy makers to conduct research in particular fields and to collaborate with different partners (Miquel and Okubo 1994; Lundvall 1988 Lundvall , 1992 . These aspects can be related to the national innovative capacity, i.e., the long-term ability of a country to generate and commercialize innovative technologies (Furman et al. 2002) . Differences in countries' national innovative capacities may induce the exchange of knowledge and approaches for problem solving among organizations and individuals embedded in national contexts with country-specific scientific and technological advantages (Bartholomew 1997; Shan and Hamilton 1991; Dosi et al. 1990) . A self-organizing network of international scientific collaborations emerges in which the collaboration patterns of lower order subsystems, such as pharmaceuticals, are affected by macro-level factors which are at the same time influenced by collaborations in lower order subsystems (cf., Wagner and Leydesdorff 2005) .
In contrast to many earlier contributions providing descriptive evidence of international scientific collaboration, we aim to deliver the empirical evidence of the impact of various factors on the intensity of international collaboration through regression analysis. More precisely, our objective is to explain the intensity of international collaborations in pharmaceutical research by similarities and differences in the scientific environment of collaborating countries, such as support of science, the institutional settings, overlaps in the knowledge bases, and cultural linkages.
We rely on the literature in economic geography highlighting multiple dimensions of proximity (cf., Boschma 2005) . This literature mainly focuses on organizational and regional dimensions of collaboration and finds that similarity or proximity of organizations matters for collaboration. In the vast majority of related studies data collection is based on policy programs or predefined geographical entities (e.g., Balland 2012; Hoekman et al. 2010; Scherngell and Hu 2011) . It is reported by these studies that multiple dimensions of proximity matter when explaining scientific collaborations. The most prominent result is that geographical proximity explains a good part of collaboration.
This paper addresses the question whether similar patterns are observed on the macro level. Although proximity is a fairly general concept, some dimensions of it may have a different effect on the occurrence and intensity of collaborations depending on the level of aggregation. Different factors may be relevant in explaining collaboration between individuals, organizations, regions, and countries. We argue that although some general patterns may persist on different levels of aggregation, country-level collaboration can be determined by factors different from that on the organizational or regional level. These factors may include the institutional setting of countries, such as the support of scientific research, and the level of scientific and technological development. Hence, we analyze whether multiple dimensions of proximity play a crucial role in explaining the number of scientific collaborations proxied by co-publications between pairs of countries.
We contribute to the understanding of country-level scientific collaboration by highlighting the role of similarities and differences in the macro-environment that may encourage or discourage international scientific collaborations. Using the concept of multiple dimensions of proximity, we add different dimensions of cultural proximity as well as other factors such as differences in countries' overall R&D expenditures to the analysis which have not been included in most studies on proximity and scientific collaboration. In contrast to many other studies, our data was obtained based on an application perspective, namely pharmaceutical research related to specific medical indications. In doing so, this paper refers to pharmaceutical research in a broad sense taking basic biomedical research and clinical research into account.
The empirical analysis is performed on a unique dataset of scientific journal publications related to pharmaceutical research using different count data specifications of the gravity model. Pharmaceutical research has been widely studied in the economic literature concerned with the questions of knowledge, innovation, and science due to the importance of the field for humanity as well as high significance of basic research performed by universities and public research organizations for applied research and generation of new products by companies. Collaboration in pharmaceutical research is widespread and not restricted to the national level but extends beyond national borders. A possible explanation of this phenomenon can be found in differences in the national innovative capacities of countries that are accompanied with country-specific scientific and technological advantages (e.g., Bartholomew 1997) .
The remainder of this paper is structured as follows. We describe the determinants of international collaboration in ''Related literature'' section. ''Data and research methodology'' section provides details of the methodology and the data used in our empirical analysis. ''Empirical results'' section reports the results of the analysis of international collaborations in the pharmaceutical research. ''Conclusion'' section concludes.
Related literature
Given the increasing amount of international scientific collaboration and global knowledge sourcing, we ask about the determinants of this phenomenon on the country level. Put differently, we aim to explain what country-level factors determine why researchers from one country collaborate with colleagues in some countries, but not with those from others. One argument raised in the literature is that knowledge production and knowledge spillovers are geographically bounded within the region of creation (Audretsch and Feldman 1996; Jaffe et al. 1993) . Particularly the transfer of tacit knowledge, often involved in R&D processes, is done best through face-to-face interaction, which is facilitated by close spatial distances.
Geographical proximity has been found to be an important factor determining the extent of international scientific collaboration (Luukkonen et al. 1992; Ponds et al. 2007 ). However, while we focus on proximity as one of the main determinants of international collaboration, we do not only refer to geographical distance between countries. Instead, we follow Boschma (2005) who draws upon the French School of Proximity Dynamics (e.g., Torre and Rallet 2005; Torre and Gilly 2000; Kirat and Lung 1999) in suggesting that proximity is multidimensional. More precisely, we focus our analysis on geographical, cognitive, institutional, and social proximity. We also explore the linguistic and historical ties between countries in order to account for an additional dimension of proximity: cultural proximity.
In order to isolate geographical from other dimensions of proximity, its definition is restricted to spatial or physical distances between economic actors (Boschma 2005) . The distance can be expressed in absolute terms, e.g., in kilometers, or in relative terms, e.g., travel times. Short distances between economic actors facilitate personal contacts, the exchange of information, and, particularly, tacit knowledge. Hence, geographical proximity may facilitate inter-organizational learning but is not a prerequisite for collaboration and learning, since other proximity dimensions may act as substitutes. On the other hand, geographical proximity may also be complementary to relational, organizational, institutional, and cognitive proximity and enhance interaction, knowledge creation and innovation more indirectly (Boschma 2005; Howells 2002 ). The literature suggests that geographical proximity is an important determinant of research collaborations on the regional level in Europe and is particularly important for cooperative work in life sciences (Hoekman et al. , 2010 Ponds et al. 2007 ). On the country-level, it has been shown that geographical proximity is an important factor to explain international scientific collaboration. Among scientifically leading countries worldwide, those that are located geographically proximate tend to collaborate more intense (Nagpaul 2003) . Hence, we argue that this relation should hold also for international collaboration in pharmaceuticals. Therefore, our first hypothesis is:
Hypothesis 1 Geographical distance is negatively related to the intensity of international research collaborations.
From the evolutionary perspective, knowledge creation and innovation often imply a high degree of tacit knowledge and can be seen as cumulative outcomes of search processes conducted by boundedly rational agents. The creation of new knowledge and learning about existing knowledge depends in many instances on the combination of diverse but complementary capabilities (Nooteboom 2000) . The tacit and idiosyncratic component of knowledge implies that absorptive capacity is required to identify, interpret, and exploit new knowledge. Hence, it is a precondition for effective knowledge transfer (Cohen and Levinthal 1990) . Given these circumstances, cognitive proximity, also called technological proximity, is required in the exchange and combination of knowledge. Cognitive proximity describes the sufficient closeness of an actor's knowledge base towards new knowledge in order to permit successful communication, understanding, and absorption (Boschma and Lambooy 1999 ). An empirical test of the relation between cognitive proximity and firm cooperation demonstrated that an overlap in firms' patent stocks is associated with a higher probability of cooperation (Cantner and Meder 2007) . Analyzing R&D collaborations on the regional level, Barber (2009, 2011) suggest that collaborations are most likely when regions are close in the cognitive dimension of proximity. In contrast to these results, Balland (2012) finds that organizations do not necessarily collaborate when their knowledge bases overlap.
Based on these findings, we ask whether cognitive proximity has a positive relation to the collaboration intensity in international collaborations on the country-level. Differences in countries' national innovative capacities imply the existence of country-specific knowledge which is the basis for the generation of new knowledge as well as for the development and commercialization of new products (Furman et al. 2002) . Different characteristics and specializations of countries' knowledge bases open up opportunities for knowledge exchange between organizations embedded in different national contexts (Bartholomew 1997; Shan and Hamilton 1991; Dosi et al. 1990 ). However, different country-specific knowledge bases have to be sufficiently close to each other in order to build the basis for successful research collaboration. Hence, we formulate Hypothesis 2 as follows:
Hypothesis 2 Cognitive proximity has a positive relation with the intensity of international research collaboration.
Institutional proximity refers to the institutional environment at the macro-level. In this sense, institutions refer to as ''sets of common habits, routines, established practices, rules or laws that regulate the relations and interactions between individuals and groups'' (Edquist and Johnson 1997). Formal, e.g., laws, and informal, e.g., cultural norms, institutions influence the manner of and the extent of collaboration. Institutional proximity has been regarded as an enabling factor that provides stable conditions for effective interactive learning. Gertler (1995) shows that institutional differences at the macro-level, i.e., in this case job training and workplace practices, can hinder cross-border interactions among firms. More generally, empirical studies suggest that institutional proximity with respect to country-specific institutional settings may positively influence research collaboration (Hoekman et al. , 2010 . The intuition behind this finding is that institutions, i.e., rules and regulations affecting research projects as well as schemes to support scientific research, differ between countries. Institutional proximity, or similarity, may provide the basis for a common understanding of the values, rules, and regulations involved in the research process and may, thus, facilitate (international) research collaboration. Based on these arguments, we build our hypothesis concerning institutional proximity and research collaboration on the country-level.
Hypothesis 3 Institutional proximity is positively related with the number of international research collaborations.
The social dimension of proximity refers to the more intangible closeness capturing the intensity of scientific collaboration between interacting parties (Basile et al. 2012; Boschma 2005; Coenen et al. 2004 ). This dimension of proximity draws upon the embeddedness literature, which suggests that economic activities are embedded in a social context (Granovetter 1985) . Social proximity takes into account the idea that the extent of embeddedness is connected to opportunities for knowledge exchange and joint knowledge creation that may positively affect innovative activities. Shared experience can be seen as the basis for the existence of social proximity (Asheim et al. 2007 ). In line with these thoughts, empirical evidence points out the importance of social proximity based on past experience for research collaboration between firms (Autant- Bernard et al. 2007 ). The importance of joint experience for research collaboration has not been restricted to the organizational level. As Hoekman et al. (2013) suggest, past research collaboration, measured by co-publications, may increase the number of research collaborations on the regional level. Based on this evidence, we argue that social proximity based on previous collaborations increases the number of cross-country research collaborations. The observed collaboration patterns on the macro-or cross-country level may be shaped by micro-level decisions to continue and to intensify collaborations depending on the collaboration experiences made. Hence, Hypothesis 4 summarizes these thoughts:
Hypothesis 4 Social proximity is positively related to the intensity of international research collaborations.
Similar to the institutional dimension of proximity, cultural proximity reflects a common cultural background. A common cultural space is among others formed by a common working tradition, a common language, mutual trust, and mutually respected norms of behavior (Zeller 2004) . The presence of cultural differences impedes the transmission and decoding of certain types of messages, especially if tacit components are involved (Lundvall 1992) . Accordingly, cultural proximity may affect interactions and research collaboration on the micro-and on the macro-level. On the micro-level, scientists' decisions may, consciously or unconsciously, favor collaboration with partners that are close in terms of cultural proximity due to advantages in communication and knowledge exchange (Zitt et al. 2000) . On the macro-or country-level, the aggregation of individual decisions leads to specific interaction or collaboration patterns between countries as shown by empirical evidence. In the trade literature it has been shown that cultural proximity, often operationalized as common language, is positively connected to trade volumes among countries (e.g., Felbermayr and Toubal 2010; Melitz 2008) . With respect to scientific interactions, empirical evidence reveals that linguistic and historical ties influence collaboration intensity (Hoekman et al. 2010; Zitt et al. 2000) . Therefore, we formulate our hypothesis concerning the impact of cultural proximity as follows:
Hypothesis 5 Cultural proximity is positively related with the intensity of international research collaboration.
Data and research methodology

Gravity model
We analyze the determinants of collaboration among different countries using a gravity model. Early applications of gravity models in economics were focused on the analysis of international trade flows (e.g., Isard 1954; Tinbergen 1962) . Later, this model has been applied to a broad variety of research questions. In the context of research collaborations, it has been used to analyze the intensity of co-publications among regions (Hoekman et al. , 2010 . The basic idea of the gravity model can be traced back to Newton's law of universal gravitation which states that the gravitational force between two objects is proportional to the product of the masses of the objects and the distance between them. The basic gravity equation can be expressed as follows (cf., Burger et al. 2009; Hoekman et al. 2009 ):
where I ij denotes interaction intensity, i.e., the number of research collaborations, between countries i and j. b 0 is a proportionality constant. M i and M j represent the masses of country i and j, each of which in our case is the number of publications. The distance between the two countries is denoted by d ij . b 1,2 reflect the potential to collaborate and b 3 reflects the effect of distance. The multiplicative form of the gravity model presented in (1) can be transformed into a testable linear model by taking logarithms of both sides and adding a disturbance term ij :
There has been an intense discussion in the literature on the subject of which regression models are best suited to estimate (2). Log-linearized models estimated by OLS have been frequently used in many economic applications of the gravity model. However, log-linearized models do not allow for zero interaction intensities. As a consequence, many researchers used truncated samples, which did not include the non-interacting pairs. Helpman et al. (2008) show that the restriction to positive interaction intensities may substantially bias the results. As an alternative the authors suggest to explicitly model zero interactions. Santos Silva and Tenreyro (2006) provide evidence that count data models outperform the standard log-linearized models estimated by OLS. Moreover, count data models are compatible with the existence of zero interaction in the data. Hence, we follow Santos Silva and Tenreyro (2006) and apply count data regression techniques. More precisely, we use Poisson and negative binomial models, based on maximum likelihood techniques (Burger et al. 2009; Flowerdew and Aitkin 1982) . In a Poisson regression framework, the observed volume of research collaboration between i and j is Poisson distributed with conditional mean l which can be expressed as a function of the independent variables.
The conditional mean l ij is linked to an exponential function of the regression variables:
In (4), b 0 is a constant, D ij is the vector of explanatory variables representing different dimensions of distance, and b 0 is the corresponding parameter vector. An important caveat of the Poisson model is the assumption of equidispersion, which means that the variance equals the mean. In order to correct for the violation of this assumption we employ a negative binomial regression model, which can be seen as a modified Poisson model and is frequently used in count data analysis (Greene 1994) :
where l ij is the conditional mean, C is the gamma function, and a is the parameter determining the degree of dispersion, allowing that the conditional variance exceeds the conditional mean. Larger a corresponds to a larger degree of overdispersion in the data. With a being approximately zero, the negative binomial model reduces to the Poisson regression model. Another problem prevalent in many practical applications of Poisson and negative binomial estimation is an excessive number of zeros in the data. In other words, the problem arises when the number of zero counts is greater than what the Poisson or the negative binomial distribution would predict. In order to overcome this problem, zeroinflated versions of both Poisson and negative binomial models may be applied.
The basic idea behind a zero-inflated model is that zero values are generated by a different process than the positive ones. The first part of a zero-inflated model consists of a binary process, which in our empirical application is a logit model. The dependent variable in this logit model takes value zero when there is no collaboration between respective countries in a certain therapeutic area. If the binary process equals one, the number of collaborations is equal to or greater than zero. In the second part of the estimation, a Poisson or negative binomial regression model is applied to estimate the collaboration intensity. Hence, zeros can be the outcome of both the binary process and the count process, given that the binary process takes the value one. We can express the zero-inflated Poisson model as
where (6) refers to the first part and (7) to the second. w is the proportion of observations with a strictly zero count determined by the logit model (cf., Burger et al. 2009 ). When w equals zero, the model reduces to Poisson model. Along similar lines we can define the zero-inflated negative binomial regression model:
For both versions of the zero-inflated model, the Vuong test statistic can be used to test whether the zero-inflated model is favored above the respective uninflated versions, by analyzing if there is significant evidence for excessive zero counts (Vuong 1989) .
Data
In our empirical analysis we use data from different sources. We start by drawing a list of 251 medical indications from BioPharmInsight. 2 Each indication represents a condition, disease or symptom. Each indication is exclusively assigned to one of 15 therapeutic areas.
3 Therapeutic areas are defined according to a system of an organism or a general disease group. Examples of therapeutic areas are ''Central Nervous System'' and ''Infectious Diseases''.
This list of medical indications (or diseases) was used to search for corresponding scientific pharmaceutical publications in the Web of Science databases (WoS). The WoS consists of seven databases containing information gathered from an extensive number of journals, books, book series, reports, and conferences. Among these databases, the most important one is the Science Citation Index Expanded. It is multidisciplinary and indexes more than 6,500 scientific journals covering 150 scientific disciplines. The Science Citation Index Expanded covers, among other scientific fields, biochemistry, medicine, and pharmacology, which are of particular interest for our study. The WoS contains such information about each scientific publication as the title, the year of publication, the journal, cited references, a categorization of the research fields a publication can be assigned to, and further bibliographic information. In addition to this information, the Web of Science reports authors' affiliations, including the country of the location of a respected organization for most articles.
Scientific publications in the database were searched for the occurrence of each of 251 medical indications in their title. We consider all publications included in categories related to pharmaceutical research. Articles from the subcategories ''Biochemistry and Molecular Biology'', ''Biotechnology and Applied Microbiology'', ''Chemistry, Applied'', ''Chemistry, Medicinal'', ''Medicine, Research and Experimental'', ''Pharmacology and Pharmacy'', and ''Toxicology'' are included in our dataset. 4 We restrict our sample to journal articles and exclude publications that are labeled as meeting abstracts, editorials or reviews as well as other non-journal publications. Conference proceedings have not been considered, either since they may be of different quality compared to published papers or may be already included as published articles. For the period from 1974 to 2008 we obtain 211,661 publications. Unfortunately, the information concerning authors' affiliations was not included in the WoS prior to 1998 for a considerable number of cases. Therefore, we concentrate on the years from 1998 to 2008 which encompass 113,057 articles. After selecting articles which contained authors' affiliations, we obtained a sample of 111,096 journal articles.
In order to take into account the expansion in the number of collaborations over time, we divide the sample into two sub-periods of equal length, 1998-2002 and 2004-2008 . The number of countries stays relatively similar among the sub-periods: 106 countries in the first period and 109 countries for the second period. However, the composition of countries changes a bit since there are 114 countries in total in the sample. Table 2 provides a list of the 114 countries of origin of the publications in our two periods of observation. The difference between the two sub-samples with respect to the number of zeros is more striking: on the level of therapeutic areas we have 79.1 % zeros in the first and 69.2 % zeros in the second period; without distinguishing among therapeutic areas there are 67.8 % zeros in the first and 57.3 % in the second period.
An additional 66,312 journal articles published between 1974 and 1997 for which we could identify author affiliations were used to construct a proxy for the amount of collaboration between countries in different therapeutic areas prior to the periods of observation in our sample.
Information concerning authors' affiliations is matched with WHO Regions. Since the WHO Regions do not classify all countries included in our database, we assign previously unclassified countries to additionally created regional groups. More precisely we create groups for the members of the EU-15, the United States and Canada (North America), as well as for Australia and New Zealand (Australasia), Japan, and Switzerland. We employ World Bank income groups in order to include information concerning the the wealth level of countries in our sample. Moreover, we use the World Bank Science and Technology database in order to get information about R&D activities on the country level.
We use the CHI classification of journals (Hamilton 2003) to classify each article according to the type of research prevalent in the journal it is published in. Following the CHI classification of journals 35.5 % of the journal articles in our sample are published in journals that are predominantly focussed on ''basic biomedical research'', 35.2 % belong to the ''clinical investigation'' category. The remaining articles are classified as rather applied research in the categories ''clinical mix'' (13 %), ''clinical observations'' (3.9 %), or are not classified.
We employ the Centre d'É tudes Prospectives et d'Information Internationales (CEPII) database on distance measures (Mayer and Zignago 2006) . The database includes different measures for geographical distances between most countries of the world. This dataset allows us to control for additional sources of proximity among countries, based on the same language, colonial linkages, or shared history as parts of the same country. In order to get additional information concerning institutional environment in different countries, we use the ''Institutional Profiles Database'' for the year 2009 provided by the CEPII (de Crombrugghe et al. 2009 ). The database offers a quantitative evaluation of the institutional characteristics of 123 developed and developing countries. In order to assess the institutional profile of countries with respect to innovation and R&D activities, we concentrate on indicators that contain information concerning the existence of governmental strategies for the development of human capital, the public support for R&D activities, the technological environment and the dissemination of technologies, society's response to innovation, as well as the level and the effectiveness of intellectual property protection.
The use of publication data implies an advantage of getting access to highly detailed information covering a long time span. Some of the major drawbacks are that research does not necessarily lead to publications, co-authorship may only partly capture scientific collaboration, the impact of publications differs considerably, and publication habits differ among scientific disciplines. Moreover, publication databases may be biased towards English language publications originating in industrialized countries. Although co-publication data is associated with the mentioned shortcomings, it has been found to be an appropriate indicator for scientific collaboration (see, e.g., Katz and Martin 1997; Laudel 2002; Lundberg et al. 2006; Hoekman et al. 2009 for a discussion).
Variables and descriptives
The dependent variable in the gravity model is the amount of collaboration between pairs of countries.
5 In order to construct a proxy for the collaboration intensity, we assign each publication to the respective countries mentioned in the authors' affiliations. The dependent variable is then calculated as the number of co-publications between each pair of countries. We distinguish collaboration intensity for each therapeutic area and each subperiod. We use full counting which implies that a publication that can be assigned to three different nations leads to an interaction intensity between each country pair of one. Since co-publications represent undirected links, we include each pair of countries only once in our analysis.
As we have pointed out, the gravity model assumes that the interaction between two countries depends on their masses. In order to derive a proxy for the mass of a country we count the total number of publications per country in the respective period. Variables log_PubActor and log_PubPartner represent the logs of these counts. Similar to the dependent variable, we consider publications per therapeutic area.
Geographical proximity (log_distw) is calculated based on city-level data in order to account for the geographic distribution of the population inside each nation. The distance between two countries is calculated based on bilateral distances between the biggest cities of the two nations. These inter-city distances are weighted by the share of the city in the overall population and enter as logs in our regression models (cf., Mayer and Zignago 2006) .
In correspondence with the definition of social proximity we calculate the number of collaborations lagged by one period (log_PrevExperience) as a proxy for this dimension of proximity. In doing so, we account for the possibility that researchers from different organizations located in different nations have established collaborations during our two periods of observation based on previous experience from joint research projects. Furthermore, we may also account for formal and informal ties between organizations by applying this measure of previous experience. Before taking the log we add one to this proxy.
Our measure of cognitive proximity (log_PrevSpecialCorr) is based on the specialization profiles of countries among therapeutic areas prior to the analyzed period. Following the idea of Jaffe (1986) and Peri (2005) , we construct a vector containing the shares of publications in each therapeutic area per country prior to the analyzed period. We calculate the uncentered correlation, which corresponds to the cosine, of these vectors for each country pair and take the log.
Our measure of institutional proximity (log_InnoInstCorr) is constructed along the similar lines. We calculate the log of the cosine of vectors containing different indicators from the ''Institutional Profiles Database'' for each pair of countries. In doing so we account for differences in the institutional environment with respect to innovation and R&D activities among countries.
We account for cultural proximity by including a set of dummy variables indicating if at least 9 % of the population in both countries share the same language (comlang_ethno), if two countries have ever had a colonial link (colony), i.e., one country was the colonizer and the other was its colony, or were part of the same country (smctry). Since a common language may help to compensate for low levels of proximity, we include interactions terms between the common language dummy and the population weighted distance (langdistw), our proxy for social proximity (langExp), the measure for cognitive proximity (langSpecial), as well as the measure for institutional proximity in our empirical analysis (langInnoInst). Moreover, we control for whether two countries are adjacent (contig) and belong to the same Worldbank income group (SmIncomeGr). We control for differences in countries' overall R&D spendings as percentage of their GDP (log_R&DDifference). Prior to calculating the log, we add 0.00001 to this variable. Furthermore, we add a dummy indicating whether the collaboration took place in period 2 (2004) (2005) (2006) (2007) (2008) ). When we distinguish the amount of collaboration among therapeutic areas, we add dummy variables for different therapeutic areas to our analysis. Figure 1 illustrates the development of cross-country collaborated research articles over time. Similar to many other studies we find an increasing share of international research collaboration. Nevertheless, we find that by 2008 almost 72 % of the collaborations in our sample take place within national borders. 6 There are considerable differences in the frequency of international collaboration among WHO regions and Worldbank income groups. In contrast to publications originating in the European Union, North America and Japan, we find that articles from Switzerland and Sub-Saharan Africa show particularly high shares of international collaborations. With respect to income groups, our descriptive results suggest that organizations from low income countries are particularly engaged in international collaborations if they publish scientific articles, whereas organizations from OECD member states do not engage extensively in cross-country collaboration.
Empirical results
Regression results
We start our empirical analysis with Poisson regression models. 7 However, in contrast to the assumptions made in the Poisson framework, the variance of the dependent variable exceeds the mean for our sample, implying overdispersion. Using the test proposed by Cameron and Trivedi (1990) , we find significant overdispersion in most model specifications. Therefore, we account for the possibility of overdispersion by using robust standard errors and by applying negative binomial regressions, which have been established as a standard alternative to the Poisson model.
As in many applications of count data, the data on cross-country research collaborations shows an excessive number of zeros as shown in ''Data'' section. We deal with this data structure by estimating a zero inflated version of the negative binomial model. The Vuong test (Vuong 1989) suggests preferring the zero-inflated models over their ordinary counterparts. The goodness-of-fit statistics indicates that the zero-inflated negative binomial model is most suitable for our dataset since it has the highest value of the logpseudolikelihood and the smallest values of the Akaike criterion (AIC) and the Baysian Information Criterion (BIC). Tables 1 and 7 give the results of our empirical estimation. Table 1 reports estimation results on the level of therapeutic areas, whereas Table 7 does so on the aggregate level. Due to a particular time dynamics of our data, we test our hypotheses separately for each time period as well as for both time periods. Our proxies for the masses log_PubActor and log_PubPartner, i.e., the number of publications assigned to each country, have a positive sign and are significant, which implies that the number of publications is positively related with the intensity of scientific collaboration.
Similar to other studies in the field, we find that the population weighted distance between countries, log_distw, as a proxy for geographical distance has, with an exception in Table 1 model (1), a negative and highly significant association with the number of cross-country collaborations. This finding might be influenced by the correlation between log_distw and log_PrevExperience variable since the coefficient of log_distw turns out to be significant and increases its size considerably once the measure for social proximity is excluded from the analysis in a robustness check. In other words, we find that collaboration intensity decreases with spatial distance, which corresponds to our expectations formulated in Hypothesis 1. A possible explanation for this finding is that geographic distance impedes face-to-face interaction which is particularly important for scientific collaboration involving the transfer of tacit knowledge. Hence, our finding on the country-level may reflect the aggregated micro-level decisions of individual researchers and organizations to collaborate more intensively with partners in countries that are located nearby their country of origin and with whom they can interact more easily and frequently.
Our measure for social proximity, log_PrevExperience, is positively related to the amount of collaboration among country pairs. Hence, Hypothesis 4 cannot be rejected. This result suggests that past collaborations intensify future collaborations within the same pair of countries. The reason for this effect may be both willingness of an organization to continue working with the same partner abroad, as well as establishment of new collaborations between different agents motivated by positive experience of their peers. Therefore, this finding suggests that researchers and organizations are more likely to connect to colleagues and institutions from abroad if they have some common experience or observe others having successful collaborations with them, since it reduces uncertainty and the risk of opportunism. Moreover, it might be easier for researchers and organizations that have already collaborated to acquire research grants which are likely to promote further collaborative generation of scientific output. Hence, research funding decisions and similar policy programs on the national or international level may provide an additional explanation for our result.
We do not find a robust association between cognitive proximity (log_PrevSpecialCorr) and the number of cross-country research collaborations. Moreover, the coefficient has a negative sign in all model specifications. Therefore, Hypothesis 2 stating a positive relationship has to be rejected. In other words, this finding does not indicate that international research collaborations are established among countries that are specialized in similar therapeutic areas, instead showing that collaborations occur between countries with complementary knowledge. It may be that the knowledge basis of the countries in our dataset is sufficiently close since otherwise actors located in the respective countries would not be able to publish in international scientific journals. Hence, similar specialization patterns in different disease areas may not be a precondition for mutual understanding. -15,049.904 -15,011.117 -14,998.677 -20,741.882 -20,696.253 -20,689.553 -36,025.056 -35,942.109 -35,925 .593
Scientometrics (2014) 98:1173-1202 1187 The results for institutional proximity measured by log_InnoInstCorr do not indicate a robust and significant positive association with the number of international research collaborations since the coefficient of this variable is not significant and has a negative sign in many specifications. Based on this finding we reject Hypothesis 3 suggesting a positive relationship between institutional proximity and the number of international research collaborations. Hence, we do not find evidence that proximity among countries in terms of their institutional setting related to R&D and innovative activities facilitates interaction and joint research projects. On the opposite, some results of the analysis seem to suggest that more collaboration occurs between countries with different institutional settings.
With respect to our measures for cultural proximity we find that links among the former colonizer and its colonies (colony) show a quite robust positive association with the number of research collaborations on the level of therapeutic areas. This finding is less robust for the aggregate level (Table 7) . Hence, this finding provides weak evidence that collaborations between former colonial powers and their former colonies are facilitated by similarities in the (informal) institutions based on past colonial ties. 8 One can argue that collaboration between nations that were part of one country in the past may be facilitated since there should be linguistic as well as cultural links and knowledge about each others' informal institutions. However, our results for smctry do not suggest a significantly positive relation of a joint history within one country. A common language (comlang_ethno) between two countries is positively associated with the number of collaborated research articles. One could have expected that a common language is less important for international research collaboration since English has a dominant position as the language of science and dominates by far the language of the articles in our dataset. However, our results show that researchers may prefer to discuss scientific problems with their collaboration partners in their mother tongue. The aggregation of these individual preferences and collaboration decisions provides an explanation for the observed positive relationship between a common language and the collaboration intensity on the crosscountry level.
The association between different dimensions of proximity may be influenced by the presence of a common language as an enabling factor for collaboration. Hence, we include the interaction terms between common language and the geographical, social, cognitive and institutional dimensions of proximity in our analysis. The interaction term of a common language and geographical distance (langdistw) is positive and significant in most specifications of the gravity model. This finding indicates that a common language may help to overcome the challenges and obstacles of long distance collaboration expressed by the negative relation between geographical distance and collaboration intensity. The common language dummy (comlang_ethno) itself is not significant anymore in most specifications that include interaction terms. Our results do not suggest a robust and significant association between the interaction terms of language with social proximity (langExp), cognitive proximity (distSpecial), institutional proximity (langInnoInst), and the number of international research collaborations.
Our results for cultural proximity partly support Hypothesis 5. Linguistic ties are positively related to cross-country research collaboration. However, common language does not show a significantly positive relation to the collaboration intensity on the country level when interaction terms with different dimensions of proximity are introduced into analysis. We find weak evidence that a joint colonial history is positively related to international research collaboration.
The dummy for contiguous countries (contig) is not significantly associated with the amount of research collaborations, if we do not distinguish between therapeutic areas. The coefficient for SmIncomeGr, indicating whether two countries are part of the same income group, is not significant in some specifications that do not distinguish among therapeutic areas. Nevertheless, we may interpret the result as weak evidence that research collaboration predominantly takes places between countries that have a similar level of economic and scientific development, such as Western Europe, the U.S. and Japan. Differences in countries' overall R&D spendings measured as percentage of the GDP (log_R&DDiffer-ence) are significantly negative related to cross-country research collaborations in pharmaceuticals. This result may indicate that research collaboration is more intense among countries that share a similar level of scientific and technological knowledge. In such an environment, organizations from different countries may have the absorptive capacity required for mutual understanding and successful research collaboration.
To summarize, our results suggest that geographical distance is significantly and negatively related to the collaboration intensity between countries, whereas the amount of previous collaborations (social proximity) is positively related to the number of crosscountry collaborations. Hence, our results support Hypotheses 1 and 4. With respect to the cognitive dimension of proximity, we do not find evidence for a robust and significant relation to the intensity of international research collaborations. Therefore, we reject Hypothesis 2. Similarly, we reject Hypothesis 3 since our estimations do not suggest a robust significant relationship between institutional proximity and the number of research collaborations. Our results for cultural proximity do not allow for unambiguous conclusions concerning its influence on the collaboration intensity between countries and have to be analyzed in more detail as we do not find unambiguous support for Hypothesis 5.
Robustness checks
These results stay qualitatively the same if we restrict our sample to positive cross-country collaboration counts and if we do not add 1 to the measure for social proximity. We account for the possibility that our results are driven by collaboration among developed countries by excluding all country pairs with at least one OECD country involved from our analysis, we find that our results stay qualitatively the same in this case, too. Furthermore, there might be concerns that the same factors that drive the number of research collaboration in period t may have driven it in t -1 as well. While it is beyond the scope of the paper to address the issue of co-determination in detail, we account for this concern by estimating our models without including the number of previous collaborations as proxy for social proximity. The results are qualitatively similar to those obtained above. Since previous research has shown that being part of a multinational research area such as the European Union influences international scientific collaboration (e.g., Mattsson et al. 2008) , we use a dummy indicating whether two countries belong to the European Union or are connected to it through a signed science and technology agreement as alternative proxy for institutional proximity. 9 We construct this dummy based on the EU-15 as well as on the EU-27 countries. The regression results stay qualitatively the same for this alternative proxy for institutional proximity. In particular, we do not find evidence that being part of 9 A list of science and technology agreements signed by the European Union can be obtained from the European Commission's web site: http://ec.europa.eu/research/iscp/index.cfm?lg=en&pg=countries. Scientometrics (2014 Scientometrics ( ) 98:1173 Scientometrics ( -1202 Scientometrics ( 1189 the EU or having signed a science and technology agreement with the EU is positively related to the number of cross-country research collaborations. The use of the average number of R&D employees per one million inhabitants as a different control for R&D orientation of countries provides qualitatively similar results.
As a further robustness check we use log-linearized models to estimate different specifications of our gravity model. More precisely, we use the natural logarithm of the number of collaborations plus one as dependent variable and estimate OLS and Tobit regression models. In the case of OLS, we also estimate the models without adding one to the number of collaborations. The results of these models are similar to those of the count data models.
There are noticeable differences in the results reported for different time periods. For example, the magnitude of the coefficient for geographical distance seems to increase over time as in Hoekman et al. (2010) while it seems to decrease for the common language dummy. Another example is institutional proximity which becomes significant in period 2, but is not significant in period 1. These differences may suggest that not only the number of collaborations increases over time, but also the type of collaborations changes. However, we should also keep in mind that the data was separated into two periods due to noticeable differences in its structure. Therefore, a more profound analysis of these changes might be necessary before sound conclusions about these changes are drawn.
Conclusion
In this paper we tested empirically the determinants of cross-country collaborations in pharmaceutical research. We focused our attention on different dimensions of proximity in order to explain the intensity of international collaborations. As our results suggest, some dimensions of proximity are important in explaining collaboration on the country level. For example, countries close in the geographical dimension of proximity show higher levels of international collaboration. Our findings give further support to previous studies on the macro-level scientific collaboration between OECD countries (Choi 2012) as well as to contributions on the regional and organizational level (see e.g., Acosta et al. 2011; Balland 2012; Hoekman et al. 2010; Frenken et al. 2009 ).
With respect to cognitive proximity, our results do not indicate a robust association with the number of international research collaborations. This dimension of proximity has been found to be relevant in some studies on the regional and on the firm level (e.g., Barber 2009, 2011; Scherngell and Hu 2011; Cantner and Meder 2007) , while Balland (2012) does not find evidence for a significant role of cognitive proximity on the organizational level. For institutional proximity, our empirical analysis does not suggest a significant positive relationship to international research collaborations. This result contradicts earlier contributions suggesting that similar institutional settings, as in the case of EU-countries, could promote scientific collaboration (Mattsson et al. 2008) .
Social proximity measured by previous collaborations among countries is positively related to the intensity of international research collaborations. This finding suggests that collaborations between countries rely upon some past experience, which was previously stressed in some micro-level research (e.g., Broekel and Boschma 2012; Agrawal et al. 2006) .
We introduce different proxies for cultural proximity, such as colonial and linguistic links, as well as being a part of the same country in the past. We find weak evidence for a positive association between colonial ties among the former colonizer and its colonies and the amount of cross-country research collaboration. This finding supports descriptive evidence stressing the important role of former colonial relationships for scientific (co-)publications and intraregional scientific collaboration in Central Africa (Boshoff 2009 ). However, we do not find a significant evidence that research collaboration is enhanced between countries formerly belonging to the same country.
According to our analysis, linguistic linkages enhance collaboration intensity among countries. This result is in line with the regional study by Hoekman et al. (2010) as well as the descriptive evidence by Zitt et al. (2000) and Schubert and Glänzel (2006) . However, linguistic proximity might be a less important driver for scientific collaboration between OECD countries (Choi 2012) . We further contribute to this literature by including interaction terms between language and different dimensions of proximity in the analysis. The coefficient of the common language dummy loses its significance in most specifications when we introduce interaction terms. We find a significantly positive interaction term of common language and geographical distance. This result may indicate that a common language may counterbalance the negative relation between geographical distance and the collaboration intensity to some extent. In other words, different dimensions of proximity may be seen as substitutes (Ponds et al. 2007; Boschma 2005) : language similarities may encourage collaboration even over long distances. The interaction terms of a common language among countries with social proximity, cognitive proximity and institutional proximity do not indicate a robust significant relation to the number of international research collaborations.
The negative relationship between differences in countries' overall R&D spendings and international scientific collaboration are largely supported by evidence on the regional level provided by Acosta et al. (2011) . In contrast to studies focusing on scientific collaborations among advanced economies, e.g., Choi (2012) and Acosta et al. (2011) , we find evidence for countries' income affecting international scientific collaboration. This finding is in-line with firm-level evidence suggesting that most R&D-partnerships are formed between companies from high income countries, particularly from North America, Western Europe, Japan, and South Korea (Hagedoorn 2002) .
Notwithstanding the need for further research addressing the relation between cultural proximity and international research collaboration with more detailed data on cultural linkages among countries, our findings may provide some recommendations for policy makers. Improved language education for students in schools and universities as well as exchange programs for students and researchers may help to overcome to some extent the challenges and obstacles of geographical distance and help to establish and maintain international research collaboration. The further strengthening of existing linguistic ties among parts of the population of two countries may help to intensify research collaboration.
Our study should be supplemented by additional investigations addressing the determinants of cross-country research collaboration in a wider set of research fields. Another limitation of this study arises from our dataset, which does not allow of taking policy programs established to stimulate international research collaboration explicitly into account. The objectives of these programs may be quite diverse. They may encompass the establishment of an integrated research area in the case of the European Union as well as the support of scientific research in developing countries.
Moreover, future research may study international research collaboration on disaggregated levels of analysis. Different types of organizations, e.g., universities and public research institutions as well as firms, may differ in their collaboration patterns. In contrast to universities, firms may be more likely to engage in international research collaboration that takes place within one organization with R&D facilities in different countries. This mode of international research collaboration differs from collaboration involving different organizations. Future research should therefore address different types of international scientific collaborations on the firm level. Scientific collaboration may be driven by individual researchers rather than by inter-organizational agreements. Hence, data on individual researchers' publications and their career paths may help to further analyze the role of different dimension of proximity for scientific collaboration in terms of copublication. Tables 5, 6 , and 7. 
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